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Our Method and Results

Utilizing VAE to deal with semi-supervised learning tasks has been
proposed in 2014[1] and 2017 [2]. They all use maximum likelihood
estimation as the loss function, that is, maximize log p(x) while
unsupervised and maximize log p(x, y) while supervised. The ELBO loss
can be written as

log po(x,y) > Eq,.(zxy) 108 Po(Xly; 2) + log pp(y) + log p(z) — log q4(2|x, y)]

(1)

=—L(xy) (2)
logpg(x) > Eq.,.(y,21x 108 po(xly; 2) +1og pa(y) + log p(2) — log gy (Y, 2|x)]
(3)

= 3" @)~ Li(x.¥)) + Hay 1 (4)

= —Lu(x) (5)
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Our Method and Results

However, the traditional loss functions (1) — (5) have three drawbacks:
© —L,(x) needs to compute —L(x,y) many times

@ In real implementation, this model needs 2 stage hierarchical
structure, which is unstable and hard to train

© The loss function can't lead to a natural cross-entropy classification
loss form, which is essential to the classification performance.

© The multi-label form of L,(x) is

ZZ Z%yl SYPILYY) = Hayor (6)

and the complexity is O(k°)
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Our Method and Results

To deal with these 3 problems, we propose a new framework for the VAE
based semi-supervised learning tasks with tigher ELBO analysis.

Firstly, instead of the assumption that (x, ¢) are pairs from the original
data space, we view label c¢ as the discrete latent variables obey
multinominal distribution then make the independent assumption for both
marginal and conditional distribution as following

p(z,c) = p(2)p(c) (7)
p(z, c|x) = p(z]x)p(c|x) (8)
q5(2, clx) = g4 (2]x) g4 (clx) (9)
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Our Method and Results

Then utilizing the decomposition of KL divergence for independent
random variable

Dri(p(z; €X)]|4(2, clx)) = Dre(p(2|x)]|95(21x)) + Dre(p(clx)]| g (clx)

(10)
we can rewrite the ELBO as

log p(x) — Dkr(qe(2x)||p(2]x)) — Dkr(qe(clx)||p(clx)) =
E(z,0)~qy(zcx) 108 Po(X|2, ©) — D (qe(21x)[|p(2)) — Drr(qe(clx)||p(c))
11)

which can be used to train the unlabeled data and split their latent space
into the continuous and discrete latent variables.

—_—
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Our Method and Results

For the labeled data, we can get a similar loss function form of(11) by
Jensen’s inequality

_ p(x, z,c) p(x, z,c)
log p(x) = log Ez~q¢(zlx),c~p(clx)m 2 Eznqy (z1%),cp(clx) 108 20 (@P(c)
p(2)p(c)
= Ez~ z|x),cr~ X 1 9 EZN z|x),cr~ X 1 TN N
s (@ ,cp(cl) 108 P(XIZ, €) F Eanay (a0, cptel 108 oo n e
= Esqy(21%),cmplclx) 108 P(X|2, €) — Dir(qs(21x)[|p(2)) — Dre(p(clx)||qe(clx))
p
E.. log ———
et 98 g, (e
%whenqdb(cb()zp(dx) Ez~q¢(z\x),c~p(c|x) 10g p(X‘Z, C)—DKL(q¢ (Z|X)||p(Z))—DKL(P(C|X)||CI¢.(C|X))
p(c)
+ E.~ x log 12
R

= Ezvqy(zx).c~p(cl) 108 Po(X12, €) =Dk (a5(2¥)[| p(2)) = Pre(qs(cx) || p(c))
— Diw(p(cllas(clx) (13)
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Our Method and Results

To make Dk (q4(2|x)||p(2)), Dki(gs(clx)||p(c)) more explainable, we
utilize the mutual information decomposition form[3]

Epx [Pki(qg(2x)[|p(2)] = Iq, (x; 2) + Dri(q4(2)[|p(2)) (14)

N
We can view /g, (x; 2) as a constant C,. For p(x) = M we can
rewrite (14) as the individual form

S DKL<q¢<zrx;3 IP2) = G (au(2)p(2) (15)
=1

Haozhe Feng (ZJU) Semi-Supervised VAE June 17, 2019

9/12



Our Method and Results

We utilize (15) to rewrite (13) as the final loss function form for the
labeled data.

argy o min Z Ez~q¢(z|x, ),e~p(c|xi) log —py (X,|Z C)

- IDKL(%(ZIX:')HP(Z)) — G| = Dru(ap(cxillp(e)) — C
— Dre(p(clxi)l|qp(clxi))  (16)
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Our Method and Results

The new semi-supervised loss function form (13) has 3 benefits:

The cross entropy loss Dy (p(c|x)||gs(c|x)) is naturally derived

The framework can extend to multi-label task with complexity O(kc)
The one-stage training process is more stable than two-stage

By training with (13), the VAE model can reach a tighter ELBO

To reach the optimial point, we need to minimize

D (p(c|x)]|gs(c|x)), which minimizeDy; (q4(c|x))||p(c|x) at the same
time, and make the marginal equation (11) between log p(x) and
ELBO tighter.
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Our Method and Results

We have tried our method in the MNIST,SVHN and CheXpert dataset.
Following are some results

(a) MNIST with 100 labeled data

MI+TSVM M2 Mi+M2 TighterVAE

11.82 (£0.25) 1197 (21.71) 333 (20.14) | 331 (0.19)

(b) SVHN with 4000 labeled data

MI+KNN MI+TSVM M1+M2 TighterVAE

6563 (£015) 5433(=011) 3602 (=010) | 3192 (0.14)

(c) CheXpert with 5 pathologies

FRE Baseline Baseline | TighterVAE TighterVAE
100% 0% 50% 10%
Atelectasis 0.808 0.803 0826 0.781
Cardiomegaly 0.834 0.821 0855 0.786
Consolidation 0.904 0.897 0891 0.816
Edema 0.898 0.892 09 0.868
Pleural Effusion | 0.921 0.904 0504 0.883

Haozhe Feng (ZJU) Semi-Supervised VAE June 17, 2019 12/



ﬁ Durk P Kingma, Shakir Mohamed, Danilo Jimenez Rezende, and Max
Welling.
Semi-supervised learning with deep generative models.

In Advances in neural information processing systems, pages
3581-3589, 2014.

[§ Siddharth Narayanaswamy, T Brooks Paige, Jan-Willem Van de
Meent, Alban Desmaison, Noah Goodman, Pushmeet Kohli, Frank
Wood, and Philip Torr.

Learning disentangled representations with semi-supervised deep
generative models.

In Advances in Neural Information Processing Systems, pages
5925-5935, 2017.

[§ Shengjia Zhao, Jiaming Song, and Stefano Ermon.
Infovae: Information maximizing variational autoencoders.
arXiv preprint arXiv:1706.02262, 2017.

Haozhe Feng (ZJU) Semi-Supervised VAE June 17, 2019 12 / 12



	Outline
	Related Work

